Human brain can be divided into multiple brain regions based on anatomical and functional properties. Recent studies showed that resting-state connectivity can be utilized for parcellating brain regions and identifying their distinctive roles. In this study, we aimed to parcellate the primary and secondary visual cortices (V1 and V2) into several subregions based on functional connectivity and to examine the functional characteristics of each subregion. We used resting-state data from a research database and also acquired resting-state data with retinotopy results from a local site.
| I N TR ODU C TI ON
It is widely accepted that the human cerebral cortex consists of anatomically and functionally distinct brain regions. Using structural information such as sulci and gyri or functional information such as brain activation and connectivity patterns, the cortex can be parcellated into subregions (Behrens et al., 2003; Brodmann, 1909; Fischl et al., 2004; Kim et al., 2010) . In previous studies using magnetic resonance imaging (MRI), parcellation results have revealed distinctive functional areas and networks (Cloutman & Lambon Ralph, 2012; Glasser et al., 2016; Johansen-Berg et al., 2004; Kim et al., 2010) .
Structural or functional connectivity information that reflects interregional dependencies can be used for cortical parcellation (Behrens et al., 2003; Johansen-Berg et al., 2004; Kim et al., 2010; Li, Song, Fan, Liu, & Jiang, 2015) . This kind of parcellation based on connectivity patterns is referred to as connectivity-based parcellation (CBP), and CBP has been successfully applied to many cortical areas. CBP using the neuronal fiber information derived from diffusion tensor imaging (DTI) was adopted to parcellate human thalamic regions into subregions (Behrens et al., 2003) and the medial frontal cortex (MFC) into supplementary motor area (SMA) and pre-SMA (Johansen-Berg et al., 2004) .
While many studies have focused on structural connectivity information (Behrens et al., 2003; Johansen-Berg et al., 2004) , some recent parcellation studies have used patterns of functional connectivity which measure the degree of synchronous temporal fluctuations reflecting functional coupling among different voxels or regions in the brain (Kim et al., 2010; Li et al., 2015) . Using functional connectivity information which was computed by temporal correlations among voxel pairs during resting-state functional MRI (rs-fMRI), CBP was applied to parcellate the MFC into SMA and pre-SMA (Kim et al., 2010) . In another study, both the fiber information from DTI and functional connectivity information from rs-fMRI were successfully adopted to divide the primary sensory cortices into subregions .
In this study, we parcellated the primary and secondary visual cortices (V1 and V2) using functional CBP and examined the retinotopic correspondence of parcellated subregions and their functional relationships to extrastriate visual areas and higher-order regions in parietal and temporal cortices. Previous studies found that V1 is histologically divided into two subregions, anterior and posterior portions, which correspond to the peripheral and central visual fields, respectively (Barbier et al., 2002; Deyoe et al., 1996; Felleman & Van Essen, 1991; Maunsell, 1987; Yeo et al., 2011) . A previous study demonstrated distinct patterns of functional connectivity between different eccentricities of V1 and other brain areas in large-scale networks (Griffis et al., 2017) . It has been established that the early retinotopic visual areas of V1 and V2 are highly interconnected (El-Shamayleh, Kumbhani, Dhruv, & Movshon, 2013; Grill-Spector & Malach, 2004; Takemura et al., 2016) , but despite its close connection to V1, whether and how V2 can be parcellated based on intrinsic functional connectivity structures and its corresponding retinotopic properties remain to be examined.
It has been established that the visual inputs from V1 largely project to V2 and to intermediate-and high-level visual areas in two separate visual information processing streams: the dorsal stream, where "where" information is processed, including the dorsal extrastriate visual cortex and parietal cortex, and the ventral stream, where "what" information is processed, including the ventral portions of the extrastriate areas and temporal cortex (El-Shamayleh et al., 2013; Felleman & Van Essen, 1991; Grill-Spector & Malach, 2004; Takemura et al., 2016; Ungerleider & Mishkin, 1982) . Investigating how each subregion in V2 functionally relates to higher order areas in two distinct visual information processing streams, the dorsal and ventral pathways, can provide clues to the functional differentiation of parcellated subdivisions in V2.
Using functional CBP and retinotopic mapping, here we showed that the early retinotopic cortex, V1 and V2, could be parcellated into anterior and posterior subregions, and these subregions closely matched the retinotopically mapped peripheral and foveal visual field representations, respectively. We also performed functional connectivity analysis between the subregions within V1 and V2 and high-level areas in the dorsal and ventral visual streams. The results indicated that functionally distinct subdivisions in the early retinotopic cortex differentially link to dorsal and ventral areas, suggesting that a functional division of the dorsal and ventral visual information processing streams arises within the early retinotopic cortex.
| M A TER I A LS A N D M ETH OD S

| Subjects and imaging data
The Institutional Review Board (IRB) of Sungkyunkwan University approved this retrospective study. Our study was performed in full accordance with local IRB guidelines, and informed consent was obtained from all subjects. T1-weighted and T2-weighted structural MRI and rsfMRI data were obtained from the openly accessible Human Connectome Project (HCP) database . Subjects with drug use, a family history of mental diseases, or color vision disease were excluded from a total of 970 subjects. Subjects without complete T1-weighted, T2-weighted, and rs-fMRI data were also excluded. The final subjects enrolled in this study were randomly chosen from the remaining subjects to match the sex ratios (296 normal control subjects, 57% females). The ages of the subjects were between 22 and 36 years (mean 5 28.63, standard deviation [SD] 5 3.51). All imaging data were scanned using a Siemens Skyra 3 T scanner at Washington University. T1-weighted structural MRI data were acquired with the MPRAGE sequence (256 slices, 0.7 mm isotropic voxels, repetition time [TR] 5 2,400 ms, echo time
[TE] 5 2.14 ms, and field of view [FOV] 5 224 3 224 mm), and T2-weighted structural MRI data were acquired with the T2-SPACE sequence (256 slices, 0.7 mm isotropic voxels, TR 5 3,200 ms, TE 5 565 ms, and FOV 5 224 3 224 mm). Rs-fMRI data were acquired with the gradient-echo EPI sequence (1,200 volumes, 72 slices, 2.0 mm isotropic voxels, TR 5 720 ms, TE 5 33.1 ms, and FOV 5 208 3 180 mm).
An additional 21 neurologically healthy subjects (29% females) were recruited from Sungkyunkwan University for retinotopic mapping and resting-state scans, and all subjects provided written informed consent according to the procedures approved by the IRB of Sungkyunkwan University. All subjects had normal or corrected-to-normal vision (mean age 5 23.05, SD 5 2.29) and were monetarily compensated for their participation. T1-weighted structural MRI, retinotopic mapping data, and rs-fMRI data were acquired using a Siemens Prisma 3 T scanner at Sungkyunkwan University. T1-weighted structural MRI data were acquired with the MPRAGE sequence (256 slices, 1.0 mm isotropic voxels, TR 5 2,200 ms, TE 5 2.44 ms, and FOV 5 256 3 256 mm), and retinotopic mapping data and rs-fMRI data were acquired with the gradient-echo EPI sequence (180 volumes, 44 slices, 3.0 mm isotropic voxels, TR 5 2,000 ms, TE 5 20 ms, and FOV 5 252 3 216 mm). During the resting-state scans, subjects were instructed to maintain their gazes on the central fixation cross presented on a gray background, not to focus their thoughts on anything in particular, and to keep their eyes open during the acquisition.
| Retinotopic mapping stimuli and procedures
Retinotopic mapping was performed to delineate the boundaries of the subregions within V1 and V2 and to map eccentricity. Visual stimuli were generated and presented using MATLAB and Psychtoolbox 3 PARK ET AL. | 1381 (Brainard, 1997; Pelli, 1997) . The stimuli were back-projected to subjects with a PROPixx projector (VPixx Technologies) on a screen located at the end of the bore. The viewing distance was 64 cm, which created an FOV of 34.18 3 19.48. The V1/V2 border and the eccentricity within V1 and V2 were defined using standard retinotopic mapping procedures (Engel, Glover, & Wandell, 1997; Sereno et al., 1995) . The polar angle mapping stimuli were two rotating wedges with flickering checkerboard patterns with a maximum eccentricity of 19.68 and width of 22.58 circular angle (Engel et al., 1997) . The maximum eccentricity of the stimuli was derived from the distance from the center to one of the diagonally opposite corners of the screen. The eccentricity mapping stimulus was an expanding and contracting ring (maximum radius of 9.78 and width of 0.618). A retinotopic session consisted of eight runs of clockwise or counterclockwise rotating wedges and two runs of an expanding or contracting ring (both 5 cycles/run and 32 s/cycle).
| Image preprocessing
The HCP data were minimally preprocessed by the HCP team using FSL and FreeSurfer (Fischl, 2012; Glasser et al., 2013; Jenkinson, Beckmann, Behrens, Woolrich, & Smith, 2012) . Their preprocessing steps included the following. Structural and functional data were corrected for gradient distortions and magnetic field bias. The skull was removed by applying the standard Montreal Neurological Institute (MNI) brain mask to individual subject spaces. The rs-fMRI data were corrected for head motion and registered onto the T1-weighted data and then subsequently onto the MNI standard space. Intensity normalization of total volumes was performed, and the spatiotemporal noise components of rs-fMRI data including head movement, white matter, cardiac pulsation, and arterial and large vein-related contributions were cleaned using FMRIB's ICA-based X-noiseifier (FIX) software (Salimi-Khorshidi et al., 2014) . Additionally, we removed the mean of each data set with a different phase encoded direction, "left-to-right" or "right-to-left," to adjust the discontinuity between the two datasets. Demeaned datasets were concatenated and spatially smoothed with a full width at half maximum (FWHM) of 6 mm using AFNI (Cox, 1996) .
Our local data were preprocessed using AFNI and FSL as follows (Cox, 1996; Jenkinson et al., 2012) . The skull of the T1-weighted structural data was removed, and the data were registered onto the MNI standard space, corrected for magnetic field bias, and segmented into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF).
The volumes of the first 10 s of rs-fMRI data were discarded to adjust for the delay of hemodynamic responses. Rs-fMRI data were corrected for head motion and slice timing, intensity normalized, and registered to the T1-weighted structural data and then onto the MNI standard space. The nuisance variables including WM, CSF, and motion-related contributions were regressed out, and a band-pass filter at 0.009-0.08
Hz and spatial smoothing with FWHM of 6 mm were applied.
| Long-range functional connectivity
V1 and V2 masks of the HCP data were specified by the JuBrain atlas (Amunts, Malikovic, Mohlberg, Schormann, & Zilles, 2000) that was registered onto the MNI standard space (Supporting Information, Figure S1) , and those of our local data were defined by retinotopic mapping (Engel et al., 1997) . There are mainly three types of connectivity profiles that can be used for parcellation analyses-global, short-range, and long-range connectivity profiles . The global connectivity profile is computed with connectivity information between a given voxel and all other voxels in the brain, whereas the short-range connectivity profile is computed using only the connectivity information of a given voxel and other voxels within the same region of interest (ROI). The long-range connectivity profile is computed the same way as the global connectivity profile, except that the short-range connectivity information is excluded .
We adopted a long-range connectivity profile in this study to con- 
| Clustering algorithms for functional CBP
Parcellation based on neuroimaging data involves assigning voxels into a distinct number of clusters. To test the consistency of the parcellation results across different clustering algorithms, we applied three different clustering algorithms of K-means, Gaussian mixture model (GMM) distribution, and Ward's clustering (Biernacki, Celeux, & Govaert, 2000; Blumensath et al., 2013; Kim et al., 2010; Thirion, Varoquaux, Dohmatob, & Poline, 2014; Zhuang, Huang, Palaniappan, & Zhao, 1996) . Each clustering algorithm was applied to the dimensionality-reduced longrange connectivity profile matrix. The K-means clustering algorithm minimizes the sum of squared differences of the distances between data points and the cluster centroid (Kim et al., 2010; Thirion et al., 2014) . The GMM distribution clustering algorithm maximizes the probability of each data point belonging to each cluster that follows a normal Gaussian distribution using an expectation-maximization algorithm (Biernacki et al., 2000; Zhuang et al., 1996) . Ward's clustering algorithm is one of the hierarchical agglomerative clustering algorithms that minimizes the total intracluster variance (Blumensath et al., 2013; Thirion et al., 2014) . Clusters are merged if the sum of squared differences of data points within the clusters is minimized (Blumensath et al., 2013; Thirion et al., 2014 ).
| Determining the number of clusters
The issue of determining the optimal number of clusters relates to how many functional subregions exists within a given ROI. Often no a priori assumption is available, thus we took alternative data-driven approaches to determine the number of clusters. There are many criteria for determining the number of clusters: here, we chose two approaches based on the dice coefficient (DC) and the silhouette coefficient (SC) (Blumensath et al., 2013; Bzdok et al., 2015; Craddock, James, Holtzheimer, Hu, & Mayberg, 2012; Eickhoff, Laird, Fox, Bzdok, & Hensel, 2016; Kannan, Ramathilagam, Sathya, & Pandiyarajan, 2010; Wang et al., 2015) . The DC measures the similarity between sets of clusters in terms of spatial overlap, and a high DC value indicates strong spatial agreement between sets of clusters (Blumensath et al., 2013; Wang et al., 2015) . The SC measures the within-cluster and between-cluster similarities. A value near 11 means strong clustering while a value near 21 means poor clustering (Bzdok et al., 2015; Craddock et al., 2012; Eickhoff et al., 2016; Kannan et al., 2010) .
We adopted data-driven methods of determining the number of subregions within V1 and V2 using both DC and SC. We assigned subjects into two groups with equal numbers of subjects (148:148). The ztransformed long-range connectivity profile matrices of each group were averaged across the subjects, and then PCA was applied. The DC metric was computed between clustering results of two split-half groups for a range of k values (k 5 2, 3. . .10). The process was repeated 100 times, each time with new random split-half groups, and a plot of average DC values for 100 split halves was plotted as a function of k.
SC was calculated from the dimensionality-reduced connectivity matrix for a range of k values. SC ranges from 21 to 11, and k can be determined if it leads to SC values close to 11 (Bzdok et al., 2015; Craddock et al., 2012; Eickhoff et al., 2016; Kannan et al., 2010) . If the optimal number of clusters computed from two criteria were the same, we considered it to be reliable.
| Group mean parcellation results within V1 and V2
Functional CBP within V1 and V2 was performed on 296 subjects, and parcellation results were obtained for each subject. Parcellated subregions within V1 and V2 of all subjects were averaged into a single image using AFNI (Cox, 1996) to assess the quality of the parcellation on a group level. We presented the group mean parcellation results using a spatial probability map by calculating the ratio between the number of subjects assigned to a given cluster and the total number of subjects for each voxel.
| Comparison between retinotopy and parcellation results
Retinotopic data were motion corrected, detrended, and aligned to each individual's T1-weighted structural MRI data (Chong, Familiar, & Shim, 2016; Engel et al., 1997; Sereno et al., 1995; Wandell & Winawer, 2011) . The eccentricity map was partitioned into 16 different eccentricities. The boundary of each eccentricity was delineated on the inflated surface, and these boundaries were mapped back to the volume space and skeletonized (Zhou & Toga, 1999; Zitkevičius, Grigaitis, & Navakauskas, 2007) . The Euclidean distances between the skeletonized boundary of each eccentricity extracted from retinotopic mapping and the boundaries of the parcellated subregions within V1 and V2
based on the CBP method were computed in the volume space, and the eccentricity that was the closest to the boundary of the subregions within V1 and V2 was identified.
2.9 | Correlation analyses between subregions within V1 and V2 and regions in two visual pathways Group statistics of the correlation analysis were reported for each of the three clustering algorithms applied to parcellate V1 and V2, respectively. We performed Holm-Bonferroni multiple comparisons corrections for the p values (Holm, 1979) .
| RE S U L TS
| Functional parcellation within V1 and V2
Functional CBP of V1 and V2 was performed using three different clustering algorithms, and the results were compared. The dimension of the long-range connectivity profile matrix was reduced to a mean of 6.10 (SD of 0.85), which accounted for 95% of the variance on average.
The number of reduced dimensions remained consistent across all subjects. The optimal number of clusters within V1 and V2 was two for both DC and SC. For all cases, the DC was the highest and the SC was the nearest to 11 when k 5 2 (Figure 1 ). This result is consistent with
the previous studies that V1 was divided into two distinct clusters . Thus, we considered two as the optimal number of 
| Comparison of the parcellation results in V1 and V2 and retinotopic mapping
Despite previous work suggesting that each subregion in V1 that are parcellated based on functional connectivity appear to correspond to central and peripheral visual fields , the exact range of retinotopic eccentricity where the boundaries between parcellated subregions in early visual cortices are located remains to be examined.
In this study, the boundary that separated the two subregions within V1 and V2 in the functional CBP was compared with the eccentricity map in V1 and V2 acquired from our local data. Specifically, we These results indicated that overall functional connectivity was stronger for anterior than posterior V1/V2, dorsal than ventral ROIs, and occipital compared to parietal/temporal ROIs. More importantly, a significant two-way interaction effect of the V1/V2 subregions and the two visual streams was found, which indicated that anterior V1/V2
were more strongly associated with the dorsal regions, whereas posterior V1/V2 were more correlated with the ventral ROIs (for V1, F (1,295) 5 392.90, p < .001; for V2, F (1,295) 5 441.82, p < .001) ( Table 1 and Figure 4) . A three-way interaction effect of V1 and V2 subregions (anterior vs posterior) 3 visual pathway (dorsal vs ventral) 3 visual hierarchy (occipital vs parietal/temporal) was also significant, reflecting that these differential patterns of connectivity between anterior V1/V2
and dorsal ROIs and between posterior V1/V2 and ventral ROIs were more pronounced in the occipital areas, V3A and V4v, compared to the parietal/temporal ROIs (for V1, F (1,295) 5 431.44, p < .001; for V2, Table 1 ). This result might be due to the higher spatial proximity between V1/V2 and the occipital ROIs compared to parietal/temporal ROIs. Subsequently, we performed two-way 
| D ISC USSION
In this study, we parcellated V1 and V2 into distinct subregions using function CBP. The results showed that the optimal number of subregions within V1 and V2 was two based on DC and SC, and that V1 can be functionally divided into anterior and posterior regions, which is consistent with previous findings Yeo et al., 2011) .
More importantly, we found that V2 could also be spatially partitioned into anterior and posterior subregions analogous to those of V1. We adopted three different clustering algorithms, K-means, GMM distribution and Ward's clustering for the parcellation analyses, and the three algorithms yielded consistent results. The comparison of the parcellated results with our locally acquired retinotopic mapping data revealed that The division into peripheral and foveal areas within V1 and V2 from our parcellation analyses suggested that intrinsically the eccentricity dimension is connected more tightly compared to the angular dimension, although numerous studies have demonstrated that V1 and V2 represent both angular and eccentric retinal positions in an orderly manner (Engel et al., 1994; Sereno et al., 1995) . In previous studies, strong connectivity between isoeccentric locations across multiple visual maps in the visual cortex was observed (Arcaro, Honey, Mruczek, Kastner, & Hasson, 2015; Raemaekers et al., 2014) , supporting the idea that there is intrinsic eccentricity-based coupling in the visual cortex. In addition, previous human and nonhuman animal studies revealed that peripheral and foveal V1 and V2 showed distinctive connectivity profiles and belonged to different resting state networks | 1387 Vincent et al., 2007) . In line with those findings, our results implied that V1 and V2 have functionally discrete subregions, and that such subdivision within V1 and V2 might be related to distinctively biased processes in the peripheral and foveal visual fields. In extrastriate visual areas, objects such as buildings or scenes, which need to integrate multiple features globally, were associated with peripheral bias, whereas objects such as faces or words, which require high-resolution processing, showed center-biased representations (Baldassano et al., 2016; Hasson, Levy, Behrmann, Hendler, & Malach, 2002; Levy, Hasson, Avidan, Hendler, & Malach, 2001 ). Our findings suggest that a similar representational bias could also exist in the early visual cortex, and that such biases can be carried over to higher order areas along visual processing streams.
Furthermore, we found that the anterior V1/V2 were strongly related to the regions in the dorsal stream, whereas the posterior V1/ V2 exhibited robust correlations with areas in the ventral stream. Previous studies showed that over 60% of the neurons in IPG have receptive fields outside the fovea, and all neurons in ITG have receptive fields that encompass the fovea (Ungerleider & Mishkin, 1982) . In conjunction with our results, this suggests that the anterior V1/V2 mainly transfer information in the periphery to areas in the dorsal stream, whereas the posterior V1/V2 largely project information in the fovea to higher-order areas in the ventral stream. Although V1/V2 project to higher-order regions in both visual processing streams, it is not clear whether functionally distinct subregions in the early visual areas differentially contribute to each visual processing stream. Our findings suggest that the dorsal and ventral pathways start to diverge at earlier stages of visual information processing.
The current results were consistent with the recent finding of eccentricity-dependent functional connectivity patterns of V1 (Griffis et al., 2017) , but our study provided several unique contributions. First, the previous study only focused on functional subdivisions of V1 while our study extended eccentricity-dependent connectivity to V2 by examining both V1 and V2. Second, we constructed eccentricity maps in a separate pool of subjects using the retinotopic mapping procedure rather than using a probabilistic retinotopy template. This eccentricity map allowed us to directly compare connectivity-based parcellation results in each subject's V1 and V2 with their own retinotopy on a single-subject level. Third, the previous study reported distinct connectivity of subregions of V1 defined by a retinotopy template, while we went further and parcellated V1 and V2 into two subregions based on functional connectivity of each subject. Our results demonstrated the feasibility of data-driven parcellation for V1 and V2. Finally, the previous study recruited small-scale data (n 5 13), while we drew conclusions from large-scale data (n 5 296) obtained from the HCP database, which provided more robust parcellation results due to its higher statistical power.
In addition, we compared the results from three different clustering algorithms, K-means, GMM distribution, and Ward's clustering, to assess whether the parcellation results were dependent on the clustering algorithms. All three clustering algorithms yielded consistent parcellation patterns which indicate that the parcellation did not depend on the clustering methods. In contrast to the K-means or Ward's clustering algorithms, the GMM distribution clustering algorithm utilizes the probability of each data point belonging to distinct clusters (Biernacki et al., 2000; Zhuang et al., 1996) . Adopting a probability model to data points that are located near the boundary between clusters might result in more flexible clusters. Thus, the GMM distribution clustering algorithm is likely to yield smoother boundaries between the subregions within V1 and V2 than K-means and Ward's clustering algorithms. Overall, the choice of clustering algorithms did not have significant effects on the parcellation results.
The robust functional correlations between the anterior V1/V2 and the dorsal regions (V3A and IPG) and between the posterior V1/V2 and the ventral regions (V4v and ITG) may not necessarily mean that the parcellated subregions within V1 and V2 are parts of the dorsal and ventral streams. Nonetheless, our study provides a possible account for how the parcellated subregions within V1 and V2 might be functionally distinct. In this study, we only used functional connectivity information derived from rs-fMRI. Structural connectivity information from DTI and T1-weighted structural images might provide complementary information and lead to more precise parcellation results. In addition, we defined V1 and V2 based on the JuBrain atlas for HCP data since retinotopy data were not available in the HCP database. Further studies using a larger quantity of retinotopy data could provide converging evidence for the functional distinction of subregions within V1 and V2.
| CON CL U S I ONS
In this study, we showed that V1 and V2 could be functionally divided 
